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Abstract. Water scarcity conditions over the 21st century
both globally and regionally are assessed in the context of
climatechangeandclimatemitigationpolicies,byestimating
both water availability and water demand within the Global
Change Assessment Model (GCAM), a leading community-
integrated assessment model of energy, agriculture, climate,
and water. To quantify changes in future water availabil-
ity, a new gridded water-balance global hydrologic model –
namely, the Global Water Availability Model (GWAM) – is
developed and evaluated. Global water demands for six ma-
jordemandsectors(irrigation,livestock,domestic,electricity
generation, primary energy production, and manufacturing)
are modeled in GCAM at the regional scale (14 geopolitical
regions, 151 sub-regions) and then spatially downscaled to
0.5◦ ×0.5◦ resolution to match the scale of GWAM. Using
a baseline scenario (i.e., no climate change mitigation pol-
icy) with radiative forcing reaching 8.8Wm−2 (equivalent
to the SRES A1Fi emission scenario) and three climate pol-
icy scenarios with increasing mitigation stringency of 7.7,
5.5, and 4.2Wm−2 (equivalent to the SRES A2, B2, and
B1 emission scenarios, respectively), we investigate the ef-
fects of emission mitigation policies on water scarcity. Two
carbon tax regimes (a universal carbon tax (UCT) which in-
cludes land use change emissions, and a fossil fuel and in-
dustrial emissions carbon tax (FFICT) which excludes land
use change emissions) are analyzed. The baseline scenario
results in more than half of the world population living un-
der extreme water scarcity by the end of the 21st century.
Additionally, in years 2050 and 2095, 36% (28%) and 44%
(39%) of the global population, respectively, is projected to
live in grid cells (in basins) that will experience greater water
demands than the amount of available water in a year (i.e.,
the water scarcity index (WSI) >1.0). When comparing the
climate policy scenarios to the baseline scenario while main-
taining the same baseline socioeconomic assumptions, water
scarcitydeclinesunderaUCTmitigationpolicybutincreases
with a FFICT mitigation scenario by the year 2095, particu-
larly with more stringent climate mitigation targets. Under
the FFICT scenario, water scarcity is projected to increase,
driven by higher water demands for bio-energy crops.
1 Introduction
Struggling to understand the implications of global climate
change, society has devoted considerable attention to assess-
ing the potential consequences of climate change on dif-
ferent human and Earth systems, and to devising adapta-
tion and mitigation policies to minimize any potentially dan-
gerous anthropogenic consequences. To clarify the longer-
term nature of connections between human and natural Earth
systems, several high-resolution, interdisciplinary global in-
tegrated assessment (IA) models have emerged and con-
tributed signiﬁcantly to the Intergovernmental Panel on Cli-
mate Change (IPCC) climate change assessment reports. IA
models currently focus on energy, agriculture, land use, and
climate. However, all assessments to date have implicitly as-
sumed that emissions mitigation and adaptation to climate
change will be unaffected by water scarcity – yet water avail-
ability may pose a signiﬁcant constraint on our ability to
adapt to or mitigate climate change. As an example, global
emission mitigation policies can signiﬁcantly alter land use
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patterns, both by limiting land use change emissions, and
by increasing bioenergy production. The future of bioenergy
crops, an important component of many technology strate-
gies to reduce greenhouse gas emissions, may depend crit-
ically on water (Berndes, 2008; Varghese, 2007; Gerbens-
Leenes et al., 2009; Berndes, 2002). Thus, water availabil-
ity could impose severe limitations on both emissions mit-
igation and climate adaptation, making the ability to assess
the implications of changing supplies and demands for water
– stemming from a simultaneously evolving human popula-
tion, economic system, technology, and climate – an impor-
tant scientiﬁc development.
With rapid shifts to socioeconomic systems, especially in
the developing world, and potentially large-scale but vary-
ing impacts of climate change on global and regional hydro-
logical cycles occurring simultaneously, an integrated assess-
ment framework is expected to provide rich insights into al-
ternative future global water demand and supply scenarios.
Thus, any quantiﬁcation of climate change impacts on water
scarcityisincompletewithoutaccountingforchangesinboth
water availability and demands for humans. Several studies
have assessed the impact of climate change on hydrology
and water availability with a general consensus that runoff
increases in higher latitudes and decreases in arid and semi-
arid regions with more frequent extremes due to an enhanced
water cycle through warming (Milly et al., 2005). Yet, much
uncertainty remains, especially with regard to GCM simula-
tions used to force the hydrologic system, due the large dif-
ferences in rainfall predictions.
Several global water management models coupled with
global hydrologic models are also capable of producing wa-
ter use estimates generally categorized in domestic, indus-
trial, and agricultural sectors. However, there is potentially
an inﬁnite number of underlying assumptions that can repli-
cate a particular emission scenario but induce vastly or some-
what different water demand projections. Future global wa-
ter use estimates are generally driven by socioeconomic and
technological change assumptions that reﬂect the storyline
of the emission scenario producing the GCM climatic forc-
ings (Alcamo et al., 2003b; Shen et al., 2008; Vörösmarty
et al., 2000; Arnell, 2004) or by a set of assumptions repre-
senting a wide range of socioeconomic pathways (Hejazi et
al., 2013b). However, future water demands can be affected
by climate change mitigation policies (i.e., policies designed
to reduce emissions of greenhouse gases (GHGs)), which
could feed back to affect the land and energy systems, and
subsequently global water supply and demands (Falkenmark,
1999; Vörösmarty et al., 2000; Jackson et al., 2001). In this
paper, we quantify the effect of various climate change mit-
igation policies on global and regional water demands and
scarcity conditions.
Several authors have assessed water scarcity conditions
both globally and regionally at various spatial (e.g., grid,
county, basin, country) and temporal (e.g., monthly, annual)
scales (Oki et al., 2001; Alcamo and Henrichs, 2002; Islam et
al., 2007; Viviroli et al., 2007; Shen et al., 2008; Wada et al.,
2011; Hayashi et al., 2013) with estimates of about one-third
of world population currently living in water-scarce coun-
tries (WMO, 1997). Several studies have also assessed water
scarcity conditions in the future, with water demands mod-
eled as a function of socioeconomic assumptions, and wa-
ter availability derived using climate models (Arnell, 1999a,
2004; Vörösmarty et al., 2000; Alcamo et al. , 2003b, 2007).
However, only one study has investigated the implications of
climate policy on global water scarcity (Arnell et al., 2011).
Arnell et al. (2011) compares the percentage of the popula-
tion living in scarce areas under a baseline scenario (no cli-
mate policy) and a climate mitigation of policy of 450ppm
CO2e (equivalent carbon dioxide) by 2100. In this paper, we
follow a similar approach by studying the effect of different
types and levels of climate change mitigation policies. In-
stead of linking results from a set of models like Arnell et
al.’s (2011) study – which used the IMAGE model and Shen
et al.’s (2008) water withdrawals – we use linked water de-
mand and supply modules incorporated within an IA model
to ensure consistency and the ability to pinpoint the system
components responsible for any important observed changes.
This capability can provide greater insight about the impli-
cations of climate policies on the dynamics of natural Earth
systems and help to identify important technological invest-
ment and adaptation measures.
The primary goal in this study is to quantify, in an inte-
grated framework, the effects of climate mitigation policies
on global and regional water scarcity estimates, while ac-
counting for uncertainty arising from using different GCMs
and following different types and constraining levels of cli-
mate policies on water scarcity. Toward that goal, it is es-
sential to model water demand and supply in a uniﬁed and
internally consistent integrated assessment framework that
captures the inter-linkages and feedbacks with other natu-
ral and human systems, which can be exceptionally use-
ful to assess the current and future picture of both global
and regional water scarcity more accurately. This integrated
modelingframeworkfacilitatesestimationofwaterresources
demands and supplies globally and regionally by explicitly
modeling the effects and feedbacks of both natural processes
(climate model, crop model, and land use model) and human
systems (anthropogenic forcing, land use change, energy de-
mands and technologies, socioeconomics, and market-based
economies). Thus, in this study, we incorporate a new grid-
ded water-balance global hydrologic model (GWAM) as a
new component to the GCAM water system, and combine it
with spatially downscaled representations of all the existing
water demand sectors (Hejazi et al., 2013a, b; Chaturvedi et
al., 2013; Davies et al., 2013) in GCAM to produce a dy-
namic, high-resolution view of global, annual water scarcity.
Next, we brieﬂy describe GCAM. Then we present the
methods of modeling global water availability and de-
mands in GCAM, with special attention to the downscaling
techniques.
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Figure 1: Schematic of the GCAM systems with links to the water system 
 
 
 
Figure 1. Schematic of the GCAM systems with links to the water
system.
2 GCAM
The Global Change Assessment Model (GCAM) has played
a central role in the United States and international assess-
ment processes since its inception (Edmonds and Reilly,
1985; Clarke et al., 2007; Kim et al., 2006; Brenkert et al.,
2003). GCAM is a dynamic-recursive model combining rep-
resentations of the global economy, the energy system, agri-
culture and land use, and climate. Exogenous inputs include
(among other variables) present and future population, labor
productivity, energy and agricultural technology characteris-
tics, and resource availabilities. In its current implementa-
tion, GCAM has the following 14 geopolitical regions: the
United States, Canada, western Europe, Japan, Australia &
New Zealand, former Soviet Union, eastern Europe, Latin
America, Africa, Middle East, China [& Asian reforming
economies], India, South Korea, and the rest of South & East
Asia. The model is calibrated to historical energy, agricul-
tural, land, and climate data through the 2005 time period,
and runs in 5-year time steps to 2095, establishing market-
clearing prices for all energy, agriculture, and land markets
such that supplies and demands of all modeled markets are
in equilibrium. GCAM traditionally includes representations
of the economic, energy, and land use systems, and uses the
Model for the Assessment of Greenhouse-gas Induced Cli-
mate Change (MAGICC) (Raper et al., 1996; Wigley and
Raper, 1992, 2002) as its reduced-form representation of
the atmosphere, ocean and climate systems. The water sys-
tem including both demand and supply are incorporated into
GCAM as shown in Fig. 1. In the current GCAM form, water
doesnotholdanymonetaryvalue,andwhendemandexceeds
the water availability, additional supply is assumed to come
from non-renewable groundwater.
3 Global Water Availability Model (GWAM)
3.1 Background
For assessment of climate impacts on water, general circula-
tion models (GCMs) and their representation of the hydro-
logic cycle are often used to provide spatially and temporally
explicit quantiﬁcation of changes in the water system over
the upcoming century. The ﬁrst such numerical parameteri-
zation of the hydrologic cycle within a GCM was done by
Manabe (1969). However, the initially simplistic and coarse
representation of the hydrologic cycle within a GCM re-
sulted in poor hydrologic predictive skill (Kuhl and Miller,
1992; Miller and Russell, 1992). To alleviate this short-
coming, GCMs have utilized land surface models (LSMs)
with hydrologic capabilities to improve the representation
of runoff. Oki et al. (1999, 2001) argued that current LSMs
can simulate monthly river runoff quite well, provided that
the precipitation and other climate forcing input data for the
LSMs are sufﬁciently accurate. However, many LSMs still
remain too coarse to capture some underlying hydrologic
processes. Thus, a group of sub-grid parameterization LSMs
have emerged (e.g., VIC (Liang et al., 1994, 1996), SIM-
TOP (Niu et al., 2005), and GBHM (Yang et al., 2001)). This
group of models generally represents the sub-grid variability
(in soil moisture storage capacity, topography, and/or vege-
tation) as a spatial probability distribution.
An alternative is the emergence of a family of global
water-balance models (WBM/WBMplus (Vörösmarty et al.,
1998, 1989), WATBAL (Kaczmarek, 1993; Yates, 1994,
1996), WaterGAP (Alcamo et al., 2003a, 1997), macroPDM
(Arnell, 1999b), IMPACT-WATER (Cai and Rosegrant,
2002), FAO’s model (Bruinsma, 2003), LPJ/LPJmL (Gerten
et al., 2004; Rost et al., 2008), GEPIC (Liu et al., 2007, 2009;
Liu and Yang, 2010), WASMOD-M (Widén-Nilsson et al.,
2007), WATERSIM (de Fraiture, 2007), H08 (Hanasaki et
al., 2008a, b), and PCR-GLOBWB (Sperna Weiland et al.,
2010) that improve the ability to simulate water availability
on a global scale from GCM climatic forcings. Those models
have evolved from a vertical water balance at the grid scale
(typically 0.5×0.5), to routing water spatially from one grid
cell to another, incorporating crop growth models, and mod-
eling global water management components (e.g., reservoir
management, human water use). However, not all such mod-
els incorporate all of these details, and they vary with regard
to temporal and spatial scale, runoff mechanism, crop growth
modeling scheme, and the representation of human systems.
In general, global water balance models compute the water
ﬂuxes and related processes, and employ soil water balances
based on climate, land cover (cropland, pasture, natural veg-
etation) and soil information on a grid cell basis, typically
at 0.5◦ resolution. In several of the models that focus on
agriculture, soil moisture thresholds are set according to the
irrigation triggered. Some models, such as GEPIC, extend
further to include nutrient cycling, tillage and agronomics,
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simulating the effects of different agricultural management
options (Hoff et al., 2010). Some models (GEPIC, LPJmL)
internally calculate crop yields, while other models (GCWM,
WBMplus) use (mostly country-based) crop production data
from agricultural statistics. In this study, the latter approach
is used.
Water balance models typically use monthly climate data
from the Climate Research Unit (CRU, University of East
Anglia) to simulate the hydrologic processes, but some mod-
els temporally downscale the climate input data to daily
scale to better model crop growth and irrigation water de-
mand. Land use is generally based on the Ramankutty et
al. (2008) distribution and extent of cropland and permanent
pasture. Areas equipped for irrigation are generally taken
from Siebert et al. (2007) and crop types from Monfreda
et al. (2008) or Portmann et al. (2008). Generally, land use
is assumed constant over the duration of the simulation pe-
riod. Furthermore, different approaches for calculating po-
tential evapotranspiration (PET) are typically used in dif-
ferent models, e.g., Penman–Monteith (GCWM), Priestley–
Taylor (GCWM, IMPACT, LPJmL, WaterGap), Hargreaves
(GEPIC), Hamon (WBMplus), or bulk formulas (H08).
Zomer et al. (2006) applied ﬁve methods of estimating po-
tential evapotranspiration to South America and Africa and
found that the Hargreaves method (Hargreaves et al., 1985)
compared favorably with the FAO Penman-Monteith, but re-
quired less parameterization, and with improved robustness
to error in climatic inputs (Hargreaves and Allen, 2003).
Thus, to determine agricultural water consumption in this
study, we use the Hargreaves method.
3.2 Model overview
In this study, a global hydrologic model, GWAM, is con-
structed and evaluated. GWAM is designed to retain con-
sistency with the approaches used in current state-of-the-
art hydrological models, but with several modiﬁcations and
simpliﬁcations in order to allow incorporation into GCAM.
Components that are excluded in GWAM (as compared to
most existing global hydrologic models) are river and reser-
voir routing, and a crop growth model that is simulated at
the same temporal and spatial scale as the hydrology model.
The former component is generally an important feature to
achieve accurate monthly estimates of runoff, but it is less
crucial when accounting for water on an annual basis and
over very large ﬁrst-order basins that drain directly into non-
freshwater bodies. This study incorporates a crop model sim-
ilar to the FAO approach (FAO, 2001) since the agricultural
water demand module is repeatedly calculated as GCAM
solves all the markets in a particular time period, thus re-
ducing the computational burden tremendously.
GWAM reproduces historical streamﬂow observations and
simulates the future availability of freshwater under both a
changing climate and an evolving landscape with competing
water users. The model is grid-based, with a spatial resolu-
tion of 0.5◦ ×0.5◦, and a monthly time step. Water routing
capabilities and reservoir operation rules are not included.
The water supply model is ﬁrst evaluated against observa-
tional data and other models, and then simulated into the fu-
ture to provide estimates of total water supply up to the end
of the 21st century.
The global water availability model provides estimates of
renewable freshwater resources in the form of surface ﬂow.
This indicates the maximum theoretical amount of water nat-
urally available in a year for each of the basins. In reality,
some of the runoff ﬂows too quickly to saline water bod-
ies or occurs in remote areas where there is no potential for
people to use it. Thus, almost all recent studies have assessed
water scarcity conditions using water scarcity indices such as
that of Falkenmark (Falkenmark, 1989) and Raskin (Raskin
et al., 1997). Falkenmark (1989) assumes that a country or
region experiences some water stress when annual water sup-
plies drop below 1700 cubic meters per person per year, and
faces water scarcity when they drop below 1000 cubic me-
ters per person per year. Raskin et al. (1997) compare total
water demand to the total amount of renewable water avail-
able, and deﬁne extreme water scarcity in any region as de-
mand in excess of 40% of total water availability; Wada et
al. (2011) provide a detailed summary of previous studies
that have used the deﬁnition of Raskin. In regions where the
total water demands exceed the total stable ﬂow of renewable
water, humans have tapped into other sources that are either
quite expensive (desalination of brackish and saline water) or
unsustainable (fossil groundwater abstractions) (Wada et al.,
2010; Gleeson et al., 2012). In this paper, we only consider
renewable water resources (i.e., annual ﬂow of rivers) in the
water scarcity calculations.
3.3 Model structure
The Global Water Availability Model (GWAM) is a gridded
monthlywaterbalancemodelwitharesolutionof0.5◦ ×0.5◦
(Fig. S1 in the Supplement). It requires gridded monthly
precipitation, temperature, and maximum soil water stor-
age capacity (a function of land cover), and computes the
amounts of evapotranspiration to the atmosphere, runoff, and
soil moisture in the soil column. The model structure is con-
sistent with existing global water balance models, and with
the FAO’s model formulation for modeling water resources
in Africa (FAO, 2001). GWAM tracks the fraction of rain-
fall that feeds into the soil column (green water) and runoff
(blue water) at a monthly scale. The model accounts for the
monthly green water storage and estimates the fraction of
green and blue water that is evaporated back to the atmo-
sphere through evapotranspiration from vegetation and cul-
tivated lands and evaporation from bare soil or water bod-
ies. The maximum soil moisture storage capacity (Sm) with
a resolution of 0.5◦ ×0.5◦ is obtained from the soil map
of the world and soil properties (FAO, 1998, 2003). Infor-
mation with regard to the maximum soil moisture storage
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capacity in mmm−1 is derived from the derived soil prop-
erties of the Digital Soil Map of the World, which contains
raster information on soil moisture in different classes (FAO,
1998, 2003). Maximum available soil moisture is estimated
from estimates of root depth, ﬁeld capacity, and wilting point
values (typically ranges between 15–350mmm−1). The root
depth estimate is itself a function of land cover and water
stress conditions. In this study, a static Sm map over time is
assumed.
Aswithanywaterbalancemodel,theconservationofmass
is observed following Eq. (1). That is, the amount of stor-
age in the soil column (St) is the sum of initially available
water in storage (St−1) plus the amount of precipitation that
fallsduringthemonth,minustheamountofwaterthatevapo-
rates back to the atmosphere through evaporation from water
bodies or the soil, or through transpiration from vegetation
(AETt) and the amount of runoff (Qt) during the month t.
St = St−1 +Pt −AETt −Qt (1)
More speciﬁcally, for any given month and grid cell, the
amount of water available in any month t is a function of the
amount of new precipitation Pt, the amount of water avail-
able in storage St−1, and potential evapotranspiration PETt.
However, the amount of water actually returned to the atmo-
sphere is generally less than the amount potentially available
duetowaterstresses;i.e.,theamountofwateravailableinthe
soil column is less than the estimated PETt value in a partic-
ular grid (an effect particularly apparent in desert and semi-
arid regions). Thus, the amount of actual evapotranspiration
(AETt) is modeled in theory as a function (Eq. 2) of the po-
tential evapotranspiration as derived from climatic forcings,
adjusted based on the water availability in a particular grid
for a particular month. A nonlinear equation (Eq. 3) is used
to determine actual evapotranspiration as a function of PET
and the relative soil moisture state in a grid cell, according to
Kaczmarek (1993).
AETt = β ·PETt (2)
β =



5·

St−1
Sm

−2·

St−1
Sm
2
3


 (3)
In practice, we estimate AETt following Eq. (4).
AETt =

 
 
PETt St−1 +Pt −PETt ≥ Sm
β ·PETt 0 ≤St−1 +Pt −β ·PETt < Sm
St−1 +Pt St−1 +Pt −β ·PETt < 0
0.1·PETt β ≤ 0.1
(4)
Once AETt is estimated, the current amount of storage can
be computed following Eq. (5).
St =
(
Sm St−1 +Pt −PETt ≥ Sm
γ ·St−1 +Pt −AETt otherwise
0 γ ·St−1 +Pt −AETt < 0
, (5)
where γ is a unitless drying function of the soil column fol-
lowing the WBM formulation (Vörösmarty et al., 1998).
γ =

1−e
−α
St−1
Sm
1−e−α

, (6)
where α is an empirical constant (set to 1.0) and γ is the soil
and vegetation-dependent available water capacity (Vörös-
marty et al., 1998).
Finally, having estimated AETt and St and given the val-
ues of St−1 (estimated in previous time step) and Pt (an input
variable), Eq. (1) can be rearranged to compute Qt.
Qt = St−1 +Pt −AETt −St (7)
Then the storage value of each grid cell is updated, the time
index is incremented by 1 month, and the calculation pro-
cedure is repeated until the end of the simulation period.
Figure S2 in the Supplement shows a detailed ﬂowchart
schematic of the model calculation algorithm. Details of cal-
culating monthly PET (Hargreaves method) are summarized
in Appendix A.
To simulate GWAM both historically (1901–2002) and in
the future (2001–2100), gridded monthly climatic input vari-
ables are taken from the Climate Research Unit (CRU TS
2.0 (Mitchell et al., 2004)), and from the Tyndall Centre for
Climate Change Research (TYN SC 2.1 (Mitchell and Jones,
2005)), respectively, both at the University of East Anglia.
3.4 Model evaluation
Prior to simulating GWAM into the future, the model abil-
ity to reproduce historical values is evaluated against obser-
vations, statistical assessments, and other global hydrologic
models. Globally, the mean annual runoff of 38587km3 yr−1
is similar to previous data-based and model-based estimates,
as shown in Fig. S3 in the Supplement. Figure S4 in the
Supplement shows a comparison between our average an-
nual runoff at the continental scale with other data-based and
model estimates. The simulated global and continental mean
annual runoff ranges correspond to the ranges of previous
studies. The range bar around our estimates denotes the max-
imum and minimum annual runoff during the historical sim-
ulationperiod(1901–2002)fortheglobal(Fig.S3intheSup-
plement) and continental (Fig. S4 in the Supplement) scales.
Note that, globally, data-based estimates are higher on aver-
age than model-based estimates. The observed difference at
the global and continental scales can arise due to variations
in the simulation period and modeling approach. Discrepan-
cies may also arise due to inconsistency of spatial coverage.
For example, data-based estimates generally cover small is-
lands, while model-based estimates ignore those regions due
to lack of appropriate spatial resolution, as is the case with
GWAM’s scale of 0.5◦ ×0.5◦, which is generally too coarse
to model small islands. Furthermore, some studies, including
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Figure 2: Comparison of this study’s runoff volumes to FAO and other model-based estimates (e.g., WBM, WBMc, and WGHM) at 
the country and GCAM regional scales Figure 2. Comparison of this study’s runoff volumes to FAO and
other model-based estimates (e.g., WBM, WBMc, and WGHM) at
the country and GCAM regional scales.
ours, do not include Greenland or Antarctica in the global
and continental estimates. One additional source of variation
at the continental scale may be due to how different studies
split Russia between Asia and Europe. Table 1 summarizes
the global and continental estimates from the literature.
Next, we compare our results in Fig. 2 with those of sev-
eral other global hydrologic models (e.g., WBM (Fekete et
al., 2000), WBMc (Fekete et al., 2000), and WGHM (Döll
and Fiedler, 2008)), and with the FAO AQUASTAT esti-
mates of renewable water resources by country, aggregated
by GCAM regions in the year 2005 (AQUASTAT, 2012).
Speciﬁc estimates for the country and GCAM regional scales
are summarized in Tables 1 and S1 in the Supplement, re-
spectively. Table 2 presents estimates of the models’ depar-
ture from FAO’s estimates at the country scale (only coun-
tries for which all four models have values are used) and the
GCAM regional scale; model departure is measured in terms
of root mean squared error (RMSE). Overall, all models ex-
hibit a similar range of goodness-of-ﬁt (Table 3). Variations
among the models may be due to variations in the representa-
tion of rainfall-runoff generation and how PET is computed.
Finally, we compare our simulation results of historical
average annual runoff for 29 major basins of the world
against observed values from the Global Runoff Data Cen-
tre (GRDC, 1999) – see Tables S2 and S3 in the Supplement
for a complete summary of our results in comparison with
several other data-based and model-based estimates. Figure 3
shows a scatter plot of the basin scale results in comparison
to several other model results. Overall, models tend to over-
estimate small annual runoff values for the selected basins.
Variations again could arise due to several factors. Delin-
eated drainage areas are somewhat inconsistent and area dif-
ferencesare relativelylargefor somebasins(this isnot acon-
cern for the comparison with WBM and WBMc because they
use the same drainage areas). Second, the time of record and
simulation periods differ across sources. Third, this study as-
sumes natural conditions while observed runoff data capture
otherfactors(e.g.,humanactivities).Thus,GWAMgenerally
overestimates water availability (i.e., annual runoff) as com-
pared with observed data in basins where water consump-
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world against observed values (from GRDC).
tion is extensive (especially agricultural water consumption)
relative to water supply.
3.5 GWAM future simulations
GWAM is simulated over the entire 21st century using the
SRES (2000) A1Fi, A2, B1, and B2 emission scenarios and
data from four GCMs (HadCM3, CSIRO2, CGCM2, PCM)
(TYN SC 2.1; Mitchell and Jones, 2005) to result in 16 in-
dividual simulations of GWAM (4 GCMs × 4 emission sce-
narios). In this study, we use the GCM ensemble mean an-
nual runoff to establish the amount of maximum theoreti-
cally available renewable water at any grid cell in any month.
GCM data are also used to quantify the effect of climate
model uncertainty on the amount of water availability, and
subsequently,waterscarcityconditions.Nextwedescribethe
global water demand model.
4 GCAM – Global Water Demand Model (GWDM)
4.1 Model overview
Recently, Hejazi et al. (2013b) explicitly incorporated sec-
toral water demand modules within the framework of GCAM
to estimate the amount of freshwater demanded on an an-
nual basis. The water demand modules account for water
use for irrigation, livestock, domestic purposes, electricity
generation, primary energy production, and manufacturing.
The modules have been constructed, calibrated, and eval-
uated (Hejazi et al., 2013b). Future agricultural water de-
mands are driven by crop production from GCAM and the
share of crop production that takes place on irrigated lands,
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Table 1. Summary of literature estimates of global mean annual runoff using both models and data-based estimates at both the global and
continental scales.
North South Data/
Reference Europe America Africa Asia America Oceania Global Model type
Baumgartner and Reichel (1975) 2564 5840 3409 12467 11039 2394 37713 Data
Korzun et al. (1978) 2970 8180 4600 14100 12200 2510 44560 Data
L’vovich (1979) 3110 5960 4225 13190 10380 1965 38830 Data
WMO (1997) 2900 7890 4050 13510 12030 2404 42784 Data
Shiklomanov (1997) 2900 7770 4040 13508 12030 2400 42648 Data
GRDC (2004) 3083 6294 3690 13848 11897 1722 40533 Data
WRI (2005) 6591 7461 12380 1693 43219 Data
FAO (AQUASTAT 2010) 6548 6858 3931 12413 12380 892 43022 Data
Oki et al. (2001) 2191 3824 3616 9385 8789 1680 29485 LSM-TRIP
Weiland et al. (2010) 2175 4803 5099 10572 10678 2371 35698 GCM ensemble
Alcamo et al. (1997) 4333 4057 10471 33973 WaterGAP1
Cogley (1998) 42353 Data
Fekete et al. (2000) 2822 5396 5567 11425 11240 1308 37758 WBM
Fekete et al. (2002) 2772 5892 4517 13091 11715 1320 39307 WBMc
Doll et al. (2003) 2763 5540 3529 11234 11382 2239 36687 GWHM
Gerten et al. (2004) 40143 LPJ
Widén-Nilsson et al. (2007) 3669 7009 3738 13611 9448 1129 38605 WASMOD-M
Doll and Fiedler (2008) 3104 6493 4065 13168 11310 1272 39414 WGHM
Weiland et al. (2010) 2143 5249 5573 11461 11186 2633 38245 PCR-GLOBWB
Hanasaki et al. (2010) 41820 H08
This study 3194 6108 5217 13066 9854 1148 38587 GWAM
by up to 18 agro-ecological zones (AEZ) within 14 geopo-
litical regions (151 sub-regions), and by crop type (12 types)
– see Chaturvedi et al. (2013) and Hejazi et al. (2013b) for
greater details. Future manufacturing and domestic water de-
mands (Hejazi et al., 2013a) are driven by scenario-speciﬁc
socioeconomic assumptions (e.g., population, GDP), among
other factors. Water demands for primary energy are scaled
with the amount of each fuel produced, and water demands
for secondary energy (electricity, reﬁned liquid products) de-
pend on the speciﬁc production technologies used. In the
electricsectorinparticular,waterusedependsnotonlyonthe
generation technology mix, but also on the types of cooling
systems used, for which we make explicit assumptions (see
Davies et al., 2013). Thus, in this study, water demands are
modeled for the agricultural, industrial, and municipal sec-
tors, using technology-based representations where possible.
Figure 1 shows how each of the six water demand sectors are
linked to the existing systems in GCAM.
Next, we downscale the GCAM water demand results to
grid scale using available spatial assessments of population,
livestock, and irrigation.
4.2 Spatial downscaling to grid scale
A fundamental step in this study is to link the global wa-
ter supply and demand models described above to GCAM’s
existing energy, agricultural, and socioeconomic systems.
However, the spatial resolution of these existing systems in
GCAM is not adequate for detailed analysis of the water sys-
tem; to link these systems, spatial downscaling of GCAM
output is necessary. In this paper, we separately downscale
irrigation water demands, livestock water demands, and all
remaining water demands (e.g., municipal, electricity gener-
ation, primary energy, and manufacturing water demands).
For the latter, we use population to downscale water de-
mand estimates from the 14 GCAM regions to the grid scale
(0.5◦ ×0.5◦). Using the WWDR-II population data (Elvidge
et al., 1997a, b; ESRI, 1993; Tobler et al., 1995) and follow-
ing the work of Wada et al. (2011), the population gridded
map is converted to population density maps, i.e., the sum of
all grids within each GCAM region adds up to 100 percent.
Assuming that population density maps remain static over
time within each GCAM region, and using the population
projections for each GCAM region, a global map of gridded
population is generated for every GCAM modeling period
(e.g., 2005, 2010, ..., 2095). Note that in this study, water
scarcity conditions are assessed at the grid and basin scales.
Note also that the downscaling technique does not allow for
population diffusion into currently unpopulated areas, an as-
sumption which may tend to overestimate water scarcity at
the grid scale.
Similarly, irrigation water demand is downscaled to a
0.5◦ ×0.5◦ grid using existing global coverage of gridded in-
formation of crop areas equipped with irrigation in the year
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Table 2. Comparison of total mean annual runoff in each of the 14 GCAM regions with FAO estimates and two other global hydrologic
models (WBM and WGHM).
Doll and
Fekete et Fekete et Fiedler (2008)
GCAM region name
Area FAO Estimates al. (2000) (WBM) al. (2000) (WBMc) (WGHM) This study
1000ha km3 yr−1 km3 yr−1 km3 yr−1 km3 yr−1 km3 yr−1
1 USA 964095 2825 2215 2303 2382 2259
2 Canada 998491 2850 2067 2494 2702 2751
3 Western Europe 456723 2071 1564 1567 1591
4 Japan 37791 430 375 380 367 265
5 Australia & NZ 800977 819 520 545 1057 1016
6 Former Soviet Union 2230727 4731 3286 4043 4920
7 China 1179691 3395 2126 2608 2267 2475
8 Middle East 559724 184 160 167 148
9 Africa 3031518 3966 5518 4469 5217
10 Latin America 2051763 13575 12004 12459 10899
11 Southeast Asia 637481 6,98 5,52 5,98 5,06
12 Eastern Europe 116771 273 302 284 333
13 Korea 9,965 65 55 60 51 47
14 India 328726 1280 1264 1491 1435 1399
Total 13404443 43262 37008 38568 39414 38527
2000, as well as the corresponding fraction of coverage of
each grid area (both from Siebert et al., 2007) and by crop
type (from Portmann et al., 2008). Recall that GCAM com-
putes irrigation water demand at the AEZ scale (151 regions
globally). Also, the amounts of new irrigated lands in each
crop (AEZ), GCAM region and the corresponding total irri-
gation volume are known from GCAM for each 5-year inter-
val period between 2005 and 2095. First, starting with the
base year estimates, the fraction of irrigated land in each
grid is scaled up linearly to account for the additional ir-
rigated lands. When the fraction of irrigated land in a grid
cell reaches 100%, the remaining additional irrigated lands
are distributed uniformly across the remaining grid cells that
are classiﬁed as equipped with irrigation. When all grid cells
equipped with irrigation are fully irrigated or when irrigation
emerges in sub-regional AEZs where no grid cells equipped
with irrigation currently exist, irrigated lands are distributed
uniformly across all arable lands. Using the density map of
the share of irrigated lands and the required irrigation vol-
ume, and projecting them into the future, one can estimate
the amount of irrigation downscaled to the grid scale.
To downscale livestock water demand, we follow the work
of Alcamo et al. (2003a), Flörke and Alcamo (2004), and
Wada et al. (2011) in utilizing the gridded global maps of es-
timated livestock density for six major livestock types (cattle,
buffalo, sheep, goats, pigs, and poultry) in year 2000 (Wint
and Robinson, 2007). Projecting into the future, the amount
of water used is scaled up, assuming the density maps remain
static within each GCAM region.
5 Water scarcity
Next, we quantify the effect of climate change on water
scarcity both globally and in each of the GCAM regions. To
estimate water scarcity, we adopt Raskin’s deﬁnition of water
scarcity (Raskin et al., 1997) as the ratio of total water with-
drawal (TWW) to total water availability (TWA); i.e., WSI =
TWW
TWA . This deﬁnition of water scarcity is sometimes referred
to in the literature as the water resources vulnerability in-
dex (WRVI), the withdrawal-to-availability (WTA) ratio, and
the criticality ratio (Brown and Matlock, 2011). Following
previously suggested thresholds for water scarcity conditions
(Falkenmark, 1999; Falkenmark et al., 2007), WSI is divided
into four categories: no scarcity (WSI<0.1) low scarcity
(0.1≤WSI<0.2), moderate scarcity (0.2≤WSI<0.4) and
severe scarcity (WSI≥0.4). To be consistent with the tempo-
ral and spatial scale of GWAM, water demand (withdrawals)
results are downscaled from the GCAM output scale (GCAM
14 regions, or 151 AEZ scale) to establish water scarcity for
each grid on a mean annual basis.
6 Policy scenarios
6.1 Baseline scenario (no climate policy)
The baseline scenario reﬂects a world of 14 billion peo-
ple, slow technological progress, high energy demands,
and no climate policy. More speciﬁcally, going from year
2005 to year 2095, population increases from 6.5 billion to
13.7 billion, GDP increases from 30 trillion to 384 trillion
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(USD1990), and per capita GDP increases from 4607 to
28136 (USD1990), while energy consumption globally in-
creases from 458EJ to 2236EJ. This scenario is equivalent
to the radiative forcing pathway associated with the SRES
A1Fi scenario. The adopted SRES A1Fi scenario reﬂects an
extreme scenario with no mitigation and is somewhat similar
to the POP14/MDG− scenario in Hejazi et al. (2013b). To
explore the consequences of climate change mitigation poli-
cies on water scarcity, we employ the same socioeconomic
and technological change assumptions with both a set of pol-
icy scenarios and the baseline scenario. This permits isola-
tion of human-induced climate change from population- and
income-based effects on water scarcity.
6.2 Climate change mitigation policy scenarios
In GCAM, policies designed to mitigate climate change
are implemented in regions either as greenhouse gas emis-
sions prices, or as constraints on greenhouse gas emissions,
wherein the model solves for the emissions prices necessary
to meet the constraints. These emissions policies may price
terrestrial carbon dioxide emissions or they may not: Wise et
al. (2009) use two canonical carbon tax regimes, (1) a UCT
regime which includes all carbon emissions in all sectors (in-
cluding land use emissions) and all regions of the world; and
(2) an FFICT regime which includes only fossil fuel and
industrial emissions, but not land-use-related carbon emis-
sions. Under both regimes, the carbon tax rises over time to
limit atmospheric CO2 concentrations to a prescribed stabi-
lization level. However, the different types of policies lead to
dramatically different outcomes for bioenergy deployment,
land use change emissions, and consequently greenhouse gas
emissions and climate change. The FFICT case is character-
ized by very high deployment of bioenergy and associated
land use change emissions, which lead to greater emissions
and climate change than the UCT case (Wise et al., 2009).
However, in all previous results of various climate policy
regimes and stabilization levels, water was never included
as a potentially limiting resource for bioenergy production
or any other activities. In this paper, with the assumption
of unlimited non-renewable groundwater and no monetary
value attached to water use in GCAM, we do not yet model
the feedbacks that result when water demand exceeds the re-
gional water availability. Instead, we simply assess the im-
pact of different target levels of climate change mitigation
policies on water scarcity both globally and regionally.
To investigate how different climate change mitigation
policies could impact future water scarcity conditions, we
have two means to ensure consistency between the selected
climate policy and the corresponding GCM forcings used to
simulate GWAM. One way is to specify the emission or tem-
perature change target – such as 450 parts per million (ppm)
CO2e or 2 ◦C by the end of the 21st century – and then to use
a GCM run that reﬂects the same radiative forcings trajectory
as in GCAM. This can be a challenge since running a GCM
or a set of GCMs to match every policy run can be computa-
tionally expensive. One alternative is the use of downscaling
techniques to match existing GCM runs to the pathway of in-
terest, an approach that is typically adequate when perform-
ing pattern-scaling on temperature but that has known deﬁ-
ciencies when applied to precipitation (Arnell et al., 2011;
Cabré et al., 2010). A second alternative is to use existing
GCM runs and then force GCAM to reproduce the equiva-
lent radiative forcing trajectory through a particular climate
policy. Given that the focus of the study is to explore the
implications of climate change mitigation policies on water
scarcity, we follow the latter approach in this paper. Thus,
we devise climate policies in GCAM that reproduce the four
SRES radiative forcings scenarios, where A1Fi is referred to
as our baseline scenario (no climate policy), and A2, B2, and
B1 are three climate policy scenarios with increasing mit-
igation stringency of 7.7, 5.5, and 4.2Wm−2 in year 2095,
respectively. Figure S5 in the Supplement shows the radiative
forcing trajectories based on each of the four SRES emission
scenarios (A1Fi, A2, B2, and B1) and each of the UCT and
FFICT tax regimes to replicate SRES’s emission pathways.
Figure S6 in the Supplement shows the corresponding car-
bon price, CO2 emission and concentration, and mean global
temperaturechangeassociatedwithboththeUCTandFFICT
tax regimes and all four emission scenarios (A1Fi, A2, B2,
and B1) when applicable. Note that the much lower reduc-
tions in emissions under the FFICT scenario, as compared
to the UCT scenario, is a result of the energy portfolios of
each policy regime, where FFICT typically results in a more
pronounced contribution of bioenergy to energy than UCT.
Also note that the much higher carbon price associated with
the more stringent FFICT climate mitigation policies than
those observed in current carbon markets results in a signiﬁ-
cant change in global land use (i.e., biomass expansion). The
A1Fi scenario (black solid line) reﬂects the no-climate policy
scenario (baseline).
7 Results and discussion
7.1 Water availability
To reﬂect the effect of climate change on water availability,
GWAM is simulated over the 21st century with four GCMs
(PCM, CGCM2, CSIRO2, and HADCM3) and four emission
scenarios (A1Fi, A2, B1, and B2), totaling 16 simulations.
The use of multiple GCMs facilitates the quantiﬁcation of
uncertainty associated with GCM results which feed in as
input to GWAM. However, results are generally presented
by considering their ensemble mean with equal weights. The
four emission scenarios represent the baseline scenario and
three climate policy scenarios with various levels of GHGs
emission reduction targets. Figure 4 shows GWAM’s simu-
lations of global annual precipitation, actual evapotranspira-
tion, and runoff from 1901–2100; future values are from the
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Figure 4: Global annual precipitation, actual evapotranspiration, and runoff from 1901 – 2100; future values are from four GCMs (PCM, CGCM2, 
CSIRO2, and HADCM3) and for emission scenarios (A1fi, A2, B1, and B2) 
Figure 4. Global annual precipitation, actual evapotranspiration, and runoff from 1901–2100; future values are from four GCMs (PCM,
CGCM2, CSIRO2, and HADCM3) and for emission scenarios (A1ﬁ, A2, B1, and B2).
four GCMs and four emission scenarios. Globally, on land,
the annual amounts of precipitation and actual evapotran-
spiration (ET) exhibit an upward trend for all the selected
GCMs and emissions. However, only PCM and CSIRO2 ex-
hibit an upward trend in runoff as well, while CGCM2 and
HADCM3showaslightdecreasingtrendinrunoff.Tounder-
stand the magnitude of potential shifts in water availability
due to climate change and the level of variation from using
different GCMs and emission scenarios, we compare annual
precipitation, actual ET, and runoff estimates in years 2000,
2050, and 2095 (Fig. 5). These time periods are averaged
over the 1996–2002, 2046–2055, and 2091–2100 periods, re-
spectively, to ﬁlter out the year-to-year variations. Although
each of the emission scenarios is associated with a particular
warming level, the global amount of water availability does
not show a consistent trend with temperature change across
the GCM models. The level of uncertainty arising from em-
ploying different GCMs and emission scenarios increases
over time; i.e., uncertainty is larger in 2095 than in 2050
(Fig. 5). Also, the uncertainty across GCMs is larger than
across scenarios. Hence, averaging across GCMs to reﬂect
a particular emission scenario reduces variability and results
in a closer match to the historical average runoff, although
spatial variations remain high in many cases. Figure 6 shows
the difference in ensemble mean runoff at the grid scale be-
tween years 2095 and 2000 for each of the of four emission
scenarios. Although globally humans may end up with more
available water through runoff globally, when looking at the
spatial distribution of gains and losses in freshwater, there
are clear winners (Canada, northern Europe, Russia, India,
and northern China) and losers (e.g., most of South America,
eastern half of the US, rest of Europe, the Middle East, and
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Figure 5: Comparison of annual precipitation, actual ET, and runoff estimates across GCMs and emission scenarios in years 2000, 2050, and 
2095; uncertainty across GCMs is larger than scenarios, and the uncertainty level increases with time, i.e., uncertainty is larger in 2100 than 2050  Figure 5. Comparison of annual precipitation, actual ET, and runoff
estimates across GCMs and emission scenarios in years 2000, 2050,
and 2095; uncertainty across GCMs is larger than scenarios, and the
uncertainty level increases with time, in other words, uncertainty is
larger in 2100 than 2050.
Southeast Asia and Australia). Those regional patterns are
consistent across all four emission scenarios, and somewhat
similar to the ﬁnding of Arnell (2004), who found a reduc-
tion in runoff in much of Europe, the Middle East, southern
Africa, North America and most of South America, and in-
creasing runoff in high-latitude North America and Siberia,
eastern Africa, parts of arid Saharan Africa and Australia,
and South and East Asia.
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7.2 Water demands
Global water demands (withdrawals and consumption) have
been produced based on a baseline scenario and six climate
policy scenarios (UCT7.7, UCT5.5, UCT4.2, FFICT7.7,
FFICT5.5, FFICT4.2). In all six policy scenarios, the
global water withdrawals and consumption increase from
the base-year level to the end of the century. Global wa-
ter withdrawals increase in the baseline scenario from
3710 to 9062km3 year−1 by 2050 and 13318km3 year−1
by 2095. Global water consumptive use increases in
the baseline scenario from 1215 to 3177km3 year−1 by
2050 and 4558km3 year−1 by 2095. Across all six cli-
mate policy scenarios, global water withdrawals range
from 8843km3 year−1 in UCT4.2 to 9276km3 year−1 in
FFICT4.2 in 2050, and from 12533km3 year−1 in UCT4.2
to 25357km3 year−1 in FFICT4.2 in 2095. Similarly, global
water consumptive use ranges from 3142km3 year−1 in
UCT4.2 to 3350km3 year−1 in FFICT4.2 in 2050, and
from 4364km3 year−1 in UCT4.2 to 8719km3 year−1 in
FFICT4.2 in 2095. In the remaining sections, the focus is
on the quantity of water withdrawals even though both with-
drawals, and consumption are provided by GCAM.
Driven by increasing stringency in climate change mit-
igation policies and maintaining identical socioeconomic
and technological assumptions across the six policy sce-
narios, Figure 7 shows the global water withdrawals for
the baseline and the six policy scenarios in comparison to
historical estimates and forecasts. Gleick (2003) states that
pre-1980 estimates of future projections tended to overesti-
mate future global water withdrawals; however, our detailed,
activity-based assessment of future water withdrawals gen-
erally yields higher future water withdrawals than those pro-
duced by recent studies (Alcamo et al., 2003b, 2007; Shen et
al., 2008), mainly due to high population projection associ-
ated with the baseline scenario and the greater expansion of
irrigated area in this study. Regardless, both previous studies
and our scenarios indicate that water demands are likely to
increase globally in this century, even in the most stringent
future mitigation scenarios.
Figure 8 shows GCAM’s estimates of global water de-
mands (withdrawals) for the baseline scenario (no climate
policy) and the six climate change mitigation policy sce-
narios for each of the water demand sectors, i.e., irrigation
(biomass, crops), livestock, domestic, primary energy, elec-
tricity, and manufacturing. The variation in water demands
by sector depends on the interdependence of each sector on
the implications of the differing climate policy tax regimes
(UCT vs. FFICT) and climate mitigations targets. For exam-
ple, biomass water withdrawals increase from zero in 2005
up to a range of 438–530km3 year−1 in 2095 for the three
UCT scenarios, and to a range of 1782–13212km3 year−1 in
2095 for the three FFICT scenarios. The large differences in
the ranges are attributed to the dramatic increase of biomass
production under the energy portfolio of the FFICT scenar-
ios in meeting the climate policy targets. In contrast, munici-
pal water demand shows no sensitivity to climate policy and
all six policy scenarios are identical to the baseline scenar-
ios, i.e., from 466km3 year−1 in 2005 to 1392km3 year−1 in
2095; the effects of elevated temperatures on water demands
are not accounted for in this study.
Total crop irrigation (excluding biomass) water with-
drawals increase from 2464km3 year−1 in 2005 to
9053–9686km3 year−1 (UCT scenarios), and to 9078–
9315km3 year−1 (FFICT scenarios) in 2095. Livestock
demands reﬂect the population- and income-driven growth
in meat and dairy demands combined with a relatively minor
price effect, increasing livestock water withdrawals from
18km3 year−1 in 2005 to 39–54km3 year−1 (UCT scenar-
ios), and to 58–62km3 year−1 (FFICT scenarios) in 2095.
Domestic water withdrawals increase from 466km3 year−1
(196Lperson−1 day−1) in 2005 to 1392km3 year−1
(279Lperson−1 day−1) in 2095. Primary energy and
electricity water demands could increase or decrease de-
pending on the prevailing climate policy scenarios. Primary
energy water withdrawals may increase (or decrease) from
19km3 year−1 in 2005 to 34km3 year−1 in the baseline sce-
nario due to higher coal and oil demands (or to 7km3 year−1
in FFICT4.2 due to the shift from more water-intensive pri-
mary energy sources (e.g., crude oil) to less water-intensive
options such as mining production and natural gas)) in
2095, and electricity water withdrawals may increase (or
decrease) from 535km3 year−1 in 2005 to 755km3 year−1
in the UCT4.2 scenario (or to 466km3 year−1 in FFICT7.7)
in 2095. The large drop in electric-sector water withdrawals
around mid-century arises due to the assumed long-term
phase-out of once-through ﬂow cooling systems, which
are characterized by high water withdrawal rates, in favor
of lower-withdrawal wet towers, cooling ponds, and dry
cooling systems. Manufacturing water withdrawals increase
from 209km3 year−1 in 2005 to 749–934km3 year−1 (UCT
scenarios), and to 820–895km3 year−1 (FFICT scenarios)
in 2095. In total, global water withdrawals increase from
3710km3 year−1 in 2005 to 12533–13010km3 year−1
(UCT scenarios), and to 13935–25357km3 year−1 (FFICT
scenarios) in 2095, thus, suggesting worsening water scarcity
in the future.
Figure 9 shows the re lative change in total water with-
drawals for each of the demand sectors between the base-
line scenario and each of the six climate policy scenarios.
The effect of climate change mitigation policies on the esti-
mated water withdrawals varies across water demand sectors.
When comparing the results of the policy scenarios to the
baseline scenario, the projected changes in biomass water de-
mand range from −53 to 100% in 2050 and −59 to 1317%
in 2095. With more stringent FFICT policies (i.e., lower mit-
igation targets, e.g., 4.2Wm−2), biomass water demand in-
creases substantially, and it generally decreases with more
stringent UCT policies. As compared to biomass, the sensi-
tivity of crop water withdrawals to climate policy is much
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Figure 6: Change in ensemble mean annual runoff between 2095 and 2005 for each of the four emission scenarios (A1fi, A2, B1, and B2) 
Figure 6. Change in ensemble mean annual runoff between 2095 and 2005 for each of the four emission scenarios (A1ﬁ, A2, B1, and B2).
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Figure 7: Global water withdrawals for the baseline and the six policy scenarios in comparison to literature estimates of historical 
water use and other studies; sources: Gleick 2003 (and references therein), Falkenmark & Rockström, 2000, Alcamo et al. 2003a, 
Alcamo et al. 2003b, Shiklomanov & Rodda, 2003, Alcamo et al., 2007, Shen et al.  2008, Wada et al., 2011, and AQUASTAT 2011  Figure 7. Global water withdrawals for the baseline and the six pol-
icy scenarios in comparison to literature estimates of historical wa-
ter use and other studies; sources: Gleick (2003) (and references
therein), Falkenmark and Rockström (2000), Alcamo et al. (2003a,
b, 2007), Shiklomanov and Rodda (2003), Shen et al. (2008), Wada
et al. (2011), and AQUASTAT (2011).
less evident and only ranges from 0 to 4% in 2050 and −3 to
4% in 2095. The effect of climate policy on livestock water
withdrawals (as compared to the baseline scenario) ranges
from 0 to 14% in 2050 and 0 to 38% in 2095, with policy
scenarios projecting lower demands, and with larger reduc-
tions associated with more stringent policies; i.e., the largest
drop in livestock water demands are under the UCT4.2 and
FFICT4.2 scenarios. More stringent climate policies also
cause greater reductions in primary energy water demands,
however, with FFICT scenarios projecting lower demands
than their equivalent UCT scenarios. The effect of climate
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Figure 8: GCAM’s estimates of global water demands (withdrawals) for the baseline (A1fi) scenario (no 
climate policy) and the six climate change mitigation policy scenarios (UCT7.7 (A2), UCT5.5 (B2), UCT4.2 
(B1), FFICT7.7 (A2), FFICT5.5 (B2), FFICT4.2 (B1)) for each of the water demand sectors 
 
Figure 8. GCAM’s estimates of global water demands (with-
drawals) for the baseline (A1ﬁ) scenario (no climate policy) and
the six climate change mitigation policy scenarios (UCT7.7 (A2),
UCT5.5 (B2), UCT4.2 (B1), FFICT7.7 (A2), FFICT5.5 (B2),
FFICT4.2 (B1)) for each of the water demand sectors.
policy on electricity and manufacturing water withdrawals
(as compared to the baseline scenario) ranges from −31 to
−3% in 2050 and −14 to 39% in 2095, and from −16 to
−1% in 2050 and −29 to −11% in 2095, respectively. In
total, the attributed change in global water withdrawals from
the policy scenarios range from −2 to 2% in 2050 and −6
to 90% in 2095. Thus, depending on the adopted policy type
and target, climate change mitigation policies could either
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Figure 9: Deviations in GCAM’s estimates of global water withdrawals from the baseline (A1fi) scenario 
(no climate policy) for each of the six climate change mitigation policy scenarios (UCT7.7 (A2), UCT5.5 
(B2), UCT4.2 (B1), FFICT7.7 (A2), FFICT5.5 (B2), FFICT4.2 (B1)) for each of the water demand sectors 
Figure 9. Deviations in GCAM’s estimates of global water with-
drawals from the baseline (A1ﬁ) scenario (no climate policy) for
each of the six climate change mitigation policy scenarios (UCT7.7
(A2), UCT5.5 (B2), UCT4.2 (B1), FFICT7.7 (A2), FFICT5.5 (B2),
FFICT4.2 (B1)) for each of the water demand sectors.
increase or decrease future global water withdrawals, an ef-
fect that becomes increasingly apparent, especially during
the second half of the century.
Figure 10 shows the distribution of global water with-
drawals by sector for the baseline scenario and each of the
climate change mitigation policies. Three main observations
include that (1) crop water demands remain the dominant
source of water withdrawals over the whole century with the
exception of the FFICT4.2 scenario, (2) the share of wa-
ter withdrawals for electricity generations diminishes over
time, and (3) the share biomass water withdrawals start to
emerge strongly with the more stringent FFICT scenarios
(e.g., FFICT5.5 and FFICT4.2). However, some of those
changes prevail under the baseline scenario as well. The de-
creasing share for electricity water withdrawal is due to the
assumed long-term phase-out of once-through ﬂow cooling
systems, and occurs in the baseline scenario. Figure S7 in
the Supplement shows pie chart distributions of global wa-
ter withdrawals by sector for the baseline scenario in years
2005 and 2095, and each of the climate change mitigation
policies in year 2095. Similar to year 2005, all distributions
show agriculture as the dominant source of withdrawals fol-
lowed by industry, and then domestic use. However, with
the more stringent policies, the share of industrial water de-
mands slightly diminishes and becomes comparable to the
domestic share for both UCT and FFICT scenarios. The pro-
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Figure 10: GCAM’s distribution of global water demands (withdrawals) by demand sector for the 
baseline scenario (no climate policy) and the six climate change mitigation policy scenarios  
 
Figure 10. GCAM’s distribution of global water demands (with-
drawals) by demand sector for the baseline scenario (no climate
policy) and the six climate change mitigation policy scenarios.
portion of biomass share increases most dramatically under
the more stringent FFICT scenarios, making it an important
competitor for future water demands and reducing the shares
attributed to other sectors, especially other crops.
7.3 Water scarcity
With projections of gridded water demand and supply re-
sults, global maps of water scarcity are produced for the
years 2005 and 2095. For a detailed set of results showing the
individual gridded water demands and gridded runoff, and
the resulting water scarcity under the reference scenario, see
Figs. S7–14 in the Supplement. Figure 11 shows the grid-
ded global maps of water scarcity for the baseline and the
six policy scenarios in the year 2095. Recall that a water
scarcity index value of 0.4 or higher (WSI≥0.4) denotes se-
vere scarcity, (0.2≤WSI<0.4) denotes moderate scarcity,
(0.1≤WSI<0.2) denotes low scarcity, and (WSI<0.1) de-
notes no scarcity, or abundant water resources as compared
with demands. Generally, the gridded global water scarcity
map is spatially consistent across all scenarios, with regions
in eastern China, northern India, and the Middle East pro-
jected to experience extreme scarcity conditions in 2095.
Since it is not clearly apparent from Fig. 11 how water
scarcity has changed spatially over time or due to each of the
climate policies, Fig. 12 shows the change in water scarcity
www.hydrol-earth-syst-sci.net/18/2859/2014/ Hydrol. Earth Syst. Sci., 18, 2859–2883, 20142872 M. I. Hejazi et al.: Integrated assessment of global water scarcity over the 21st century
72 
 
 
Figure 11: GCAM’s downscaled water scarcity results in year 2095 under each of the climate 
policies.   Figure 11. GCAM’s downscaled water scarcity results in the year
2095 under each of the climate policies.
index between 2095 and 2005, and Fig. 13 shows the de-
parture of each of the six policy scenarios from the baseline
scenario in year 2095.
Generally, in 2095 more regions experience similar or el-
evated water scarcity conditions (Fig. 12). More speciﬁcally,
regions that are experiencing some level of scarcity are pro-
jected to experience even more scarcity primarily due to
mounting demands and changes in water availability in var-
ious regions. The largest increases in scarcity over the 21st
century include regions in eastern China, India, western Eu-
rope, and the Middle East. Some of that change is attributed
to the large increase in population and income effect in these
regions under the adopted socioeconomic assumptions for
all the scenarios. Comparing across policies, Fig. 13 shows
that the policy-caused anomaly from the baseline scenario
(no climate policy) in year 2095 is spatially heterogeneous
and depends on both the policy type (UCT vs. FFICT) and
stringency level (e.g., 7.7, 5.5, and 4.2Wm−2). As shown
in Fig. 9, compared to the baseline scenario, the global wa-
ter demand could decrease by up to 5.9% in 2095 under
the most stringent UCT policy (UCT4.2), or increase by up
to 90% under the most stringent FFICT policy (FFICT4.2).
Thus, when distributing that global result spatially (Fig. 13),
the effects of climate policy propagate differently in dif-
ferent regions due to land use and energy choices in these
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Figure 12: Changes in water scarcity conditions from 2005 to 2095 different climate change 
mitigation policies; positive values (red) denote increased scarcity conditions in 2095 as 
compared to 2005  
Figure 12. Changes in water scarcity conditions from 2005 to 2095
reﬂecting different climate change mitigation policies; positive val-
ues (red) denote increased scarcity conditions in 2095 as compared
to 2005.
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Figure 13: The effect of climate change mitigation policies on the magnitude of the WSI; all six 
policy scenarios are compared to the baseline scenario (A1fi) in 2095 
   
Figure 13. The effect of climate change mitigation policies on the
magnitude of the WSI; all six policy scenarios are compared to the
baseline scenario (A1ﬁ) in 2095.
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regions governing water demands. Also the spatial variation
is confounded by regional differences in the impact of cli-
mate change on water availability. Thus, there are regions
that are projected to see more scarcity, even though glob-
ally there will be less water demanded than the baseline
scenario under the UCT scenarios. For example, regions in
central Asia and the western United States will experience
more scarcity due to UCT climate policies, while other re-
gions will experience less scarcity, such as Africa, eastern
Europe, and the eastern United States. The reasons are com-
plex and likely dependent on several interdependent factors,
such as energy and land use choices that are spatially het-
erogeneous (e.g., policy-induced shifts in favor of a partic-
ular crop that is grown in particular regions, causing higher
water demands), the spatial heterogeneity of climate change
effects on regional hydrology and water availability, changes
in technological progress in different regions, variations in
socioeconomic drivers, and so on. When the results are var-
ied within a GCAM region, such as the United States, then
the likely factor is variability in the agricultural sector wa-
ter demands, since those are modeled at the AEZ scale (e.g.,
there are 10 AEZs in the United States) and changes in wa-
ter availability (e.g., GWAM’s representation includes many
grid cells in the United States). Under the FFICT scenarios,
the spatial coverage is more homogeneous mainly because
water demands for biomass production dominate these sce-
narios. Under the FFICT climate policy scenarios as com-
pared to the baseline scenario, most regions will experience
some increase of water scarcity. However, noting the scale
difference between Figs. 12 and 13, it is apparent that pro-
jected increases in water scarcity between 2095 and 2005
are much larger than the differences between policy and no
policy scenarios.
7.4 Global population under scarcity (baseline
scenario)
Aggregating water scarcity globally under the baseline sce-
nario (no climate policy), Fig. 14a and b show the likely
shifts to the cumulative distribution function of the frac-
tion of the global population living under different levels of
scarcity (WSI) at the grid and basin scales, respectively. The
thin lines reﬂect the uncertainty corresponding to any sin-
gle climate model of the four GCMs instead of the ensem-
ble mean of total annual water availability. Global popula-
tions living under severe water stress conditions at the grid
scale (basin scale) increase from 42% (29%) in year 2005
to 56% (56%) and 66% (64%) in years 2050, and 2095, re-
spectively; i.e., more than half of the world population will
live under severe scarcity conditions in year 2050. Table 4
summarizes the proportion of global population living under
each water scarcity category. When compared to previous es-
timatesfromtheliterature(Wadaetal.,2011)(andreferences
therein) for current population experiencing scarcity condi-
tions (1995–2000), our estimates in year 2005 fall within the
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Figure 14: Shifts to the cumulative probability density function of the fraction of global 
population living under different levels of scarcity (WSI); water scarcity is estimated at the grid 
(a) and basin (b) scales; the thin lines reflect the uncertainty corresponding to the any one of the 
four GCMs instead of the ensemble mean; global populations living under severe water stress 
conditions increase from 40% (29%) in year 2005 to 53% (56%) and 62% (64%) in years 2050, 
and 2095, respectively 
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Figure 14. Shifts to the cumulative probability density function of
the fraction of the global population living under different levels
of scarcity (WSI); water scarcity is estimated at the grid (a) and
basin (b) scales; the thin lines reﬂect the uncertainty corresponding
to the any one of the four GCMs instead of the ensemble mean;
global populations living under severe water stress conditions in-
crease from 40% (29%) in year 2005 to 53% (56%) and 62%
(64%) in years 2050, and 2095, respectively.
documented range. The range of results signiﬁes the wide
levelofuncertaintyinsuchestimates.Uncertaintycouldarise
from the method of estimating total water availability, to wa-
ter demand projections, to spatial and temporal scale of water
scarcity calculations, and to how demands are downscaled to
the appropriate scale.
Figure 15 shows the distributions of global populations
facing each of the four levels of water scarcity. Note that WSI
values are computed at the grid and basin scales and then ag-
gregated to the global scales. Regardless of the adopted scale
of calculating WSI and the associated populations, both pan-
elsinFig.15showanincreasingproportionofglobalpopula-
tion living under severe water stress under both the ensemble
mean and all individual GCMs. Figure 16a and b show the
evolution of the fraction of the global population living un-
der severe water stress (WSI≥0.4) when computing WSI at
the grid and basin scales, respectively. The dashed lines rep-
resent the result associated with an individual GCM instead
of the ensemble mean. The grid scale results (in comparison
to basin scale results) tend to overestimate the water scarcity
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Table 3. Estimates of models’ departure (RMSE) from FAO (2010) estimates at the country scale (only countries for which all four models
have values are used to estimate the RMSE values) and the GCAM scale; units are in km3 yr−1.
Deviation from WBM Fekete WBMc Fekete WGHM* Doll
FAO (2010) estimates et al. (2000) et al. (2000) and Fiedler (2008) This study
Country scale 212 187 118 168
GCAM regional scale 905 572 – 956
Table 4. Fraction of global population living under each water scarcity category, and under different climate mitigation policies and tax
regimes; scarcity is calculated at the grid scale (basin scale).
Time Tax RF in 2095 No stress Low stress Moderate stress Severe stress
period regime (Wm−2) [WSI<0.1] [0.2≤WSI<0.4] [0.2≤WS<0.4] [WSI≥0.4]
2005 0.295 (0.277) 0.141 (0.211) 0.145 (0.224) 0.419 (0.289)
2050
BAU 8.8 0.194 (0.108) 0.110 (0.148) 0.131 (0.180) 0.565 (0.564)
UCT 7.7 0.200 (0.161) 0.113 (0.116) 0.128 (0.167) 0.560 (0.556)
UCT 5.5 0.217 (0.183) 0.111 (0.104) 0.129 (0.199) 0.543 (0.514)
UCT 4.2 0.227 (0.183) 0.113 (0.123) 0.126 (0.189) 0.534 (0.505)
FFICT 7.7 0.194 (0.108) 0.110 (0.148) 0.131 (0.183) 0.566 (0.561)
FFICT 5.5 0.198 (0.101) 0.112 (0.155) 0.130 (0.185) 0.561 (0.559)
FFICT 4.2 0.200 (0.101) 0.113 (0.144) 0.129 (0.191) 0.558 (0.565)
2095
BAU 8.8 0.123 (0.079) 0.089 (0.061) 0.125 (0.219) 0.664 (0.641)
UCT 7.7 0.140 (0.101) 0.093 (0.140) 0.123 (0.143) 0.644 (0.616)
UCT 5.5 0.150 (0.121) 0.092 (0.140) 0.119 (0.167) 0.639 (0.573)
UCT 4.2 0.146 (0.127) 0.092 (0.123) 0.122 (0.138) 0.640 (0.612)
FFICT 7.7 0.127 (0.074) 0.087 (0.062) 0.121 (0.183) 0.666 (0.681)
FFICT 5.5 0.114 (0.064) 0.074 (0.045) 0.104 (0.133) 0.708 (0.758)
FFICT 4.2 0.109 (0.056) 0.070 (0.047) 0.101 (0.127) 0.720 (0.770)
Range of literature (1995–2000) 0.21–0.62 0.07–0.37 0.07–0.27 0.08–0.48
condition at the beginning of the century, but the difference
between the grid and basin scale results diminishes towards
the end of the century; i.e., the fraction of the global popula-
tion living under severe water stress ranges between 60 and
70% by the end of the 21st century (Fig. 16).
7.5 Global population under scarcity (climate policy
scenarios)
Aggregating water scarcity globally under the various cli-
mate change mitigation policies and comparing it to the base-
line scenario, Fig. 17a and b show the likely shifts to the cu-
mulative density function (cdf) of the fraction of the global
population living under different levels of scarcity (WSI) at
the grid and basin scales, respectively. Comparing between
2095 and 2005 under the baseline scenario, the cdf curve
shifts to the left, denoting exacerbated water scarcity con-
ditions and a higher fraction of global population living un-
der water stress. The thin lines reﬂect the uncertainty corre-
sponding to any single climate model of the four GCMs in-
stead of the ensemble mean of total annual water availability.
The cdf in 2095 shifts slightly to the right under the UCT4.2
scenario and much further to the left under the FFICT4.2
scenarios. Thus, globally on average, UCT climate policies
moderatelyalleviatewaterscarcityconditionsandFFICTcli-
mate policies induce the opposite and more pronounced ef-
fect on water scarcity.
Figure 18 shows the fraction of the global population liv-
ing in grid cells (Fig. 18a) or basins (Fig. 18b) that are clas-
siﬁed as severe scarcity conditions (WSI≥0.4) for the base-
line scenario and the six policy scenarios in years 2095. The
dashed bars reﬂect the level of uncertainty if a single GCM
is used instead of the ensemble of four GCMs to compute
water availability for each grid. Global populations living
in grid cells (basins) under severe water stress conditions
in year 2095 drop from 66% (64%) in the baseline sce-
nario to about 64% (57%) under the various UCT scenarios,
with no observable direction of change due to more strin-
gent UCT climate policies. In contrast, the percentage of the
global population living under severe water stress conditions
in 2095 increases with more stringent FFICT policies, rising
from 66% (64%) under the baseline scenario to 72% (77%)
under the FFICT4.2 scenario. Table 4 summarizes the pro-
portion of global population living under each water scarcity
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Figure 15: Distributions of global populations facing each of the four levels of water scarcity conditions: severe stress (WSI ≥ 0.4), 
moderate stress (0.2 ≤ WSI < 0.4), low stress (0.1 ≤ WSI < 0.2), and no stress (WSI < 0.1); WSI values are computed at the grid (top 
panel) and basin (bottom panel) scales and then the shares of populations are aggregated to the global scale   
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Figure 15. Distributions of global populations facing each of the four levels of water scarcity conditions: severe stress (WSI≥0.4), moderate
stress (0.2≤WSI<0.4), low stress (0.1≤WSI<0.2), and no stress (WSI<0.1); WSI values are computed at the grid (top panel) and basin
(bottom panel) scales and then the shares of populations are aggregated to the global scale.
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Figure 16: Estimated percentage of global population living severe water scarcity conditions 
(WSI ≥ 0.4) at the grid (top panel) and basin (bottom panel) scales. 
 
 
 
(a) 
(b) 
Figure 16. Estimated percentage of global population living under
severe water scarcity conditions (WSI≥0.4) at the grid (top panel)
and basin (bottom panel) scales.
category for the baseline scenarios and the six policy scenar-
ios in years 2050 and 2095.
When compared to previous water scarcity estimates from
the literature for current population experiencing scarcity
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Figure 17: Shifts to the cumulative probability density function of the fraction of global 
population living under different levels of scarcity (WSI); water scarcity is estimated at the grid 
(a) and basin (b) scales; the thin lines reflect the uncertainty corresponding to the any one of the 
four GCMs instead of the ensemble mean 
 
 
Figure 17. Shifts to the cumulative probability density function of
the fraction of the global population living under different levels of
scarcity (WSI). Water scarcity is estimated at the grid (a) and basin
(b) scales; the thin lines reﬂect the uncertainty corresponding to any
one of the four GCMs instead of the ensemble mean.
conditions (1995–2000), our estimates in year 2005 gener-
ally fall within the documented range. Figure 19 shows a
comparison of the estimated percentage of the global pop-
ulation living in grids (Fig. 19a) and basins (Fig. 19b), and
under different thresholds of water scarcity conditions with
previous estimates from the literature (Wada et al., 2011,
and baselines therein; Arnell et al., 2002, 2011; Alcamo et
al., 2007). The spread in our results reﬂect the uncertainty
arising from relying on each of the GCMs separately and
the various climate policies, both singly and in tandem. Al-
though we found that variation in water availability due to
different emission policies is less than those attributed to
using different GCMs (Fig. 5), Fig. 19 shows the opposite
in terms of estimates of the global population living under
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Figure 18: percent of population living under severe water scarcity conditions in year 2095 under 
different climate policies and with increasing stringency; error bars reflect the level of uncertainty if a 
single GCM is used instead of the ensemble of four GCMs 
(a) grid scale 
(b) basin scale 
Figure 18. Percent of population living under severe water scarcity
conditions in year 2095 under different climate policies and with
increasing stringency; error bars reﬂect the level of uncertainty if a
single GCM is used instead of the ensemble of four GCMs.
severe water scarcity in 2095, in other words there is more
uncertainty from the various emission scenarios (policy sce-
narios) than from those attributed to using different GCMs,
thus signifying that changes in water demand are dominating
changes in water supply. This result is consistent with the
ﬁnding of Vörösmarty et al. (2000) that population growth
plays a larger role in water scarcity than climate change
in 2025. However, comparing the relative contributions of
climate change, climate mitigation policies and socioeco-
nomic drivers on water scarcity far longer in the future are
yet to be tackled. Figure 20 shows a comparison between
the grid- and basin-scale results along with other estimates
from the literature for severely water-stressed global popu-
lations. Grid-based estimates overestimate scarcity as com-
pared to basin-based estimates but that difference diminishes
as scarcity increases. Note that the wide range of histori-
cal results (Figs. 19 and 20) signiﬁes the wide level of un-
certainty in such estimates. Uncertainty can arise from the
method of estimating total water availability, projecting wa-
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Figure 19: Comparison of the estimated percent of global population living different thresholds of water scarcity conditions with previous 
estimates from the literature (Wada et al., 2011 and references therein, Arnell et al. 2002 & 2011, and Alcamo et al., 2007); the spread in our 
results reflect the uncertainty arising from relying on each of the GCMs separately and the various climate policies, both singly and in tandem; 
the shape denotes the spatial scale of estimating WSI (blue diamonds: country scale; red squares: watershed scale; and green triangles: grid 
scale); solid points reflect assessments of current or historical scarcity conditions; empty shapes denote projections in the future  
(b) basin scale 
 
Figure 19. Comparison of the estimated percent of global popu-
lation living different thresholds of water scarcity conditions with
previous estimates from the literature (Wada et al., 2011, and refer-
ences therein; Arnell et al., 2002, 2011; Alcamo et al., 2007). The
spread in our results reﬂect the uncertainty arising from relying on
each of the GCMs separately and the various climate policies, both
singly and in tandem; the shape denotes the spatial scale of esti-
mating WSI (blue diamonds: country scale; red squares: watershed
scale; and green triangles: grid scale); solid points reﬂect assess-
ments of current or historical scarcity conditions; empty shapes de-
note projections in the future.
ter demand, selecting spatial and temporal scales for the wa-
ter scarcity calculations, and to downscaling demands to the
appropriate scale. Future research should quantify the rela-
tive effect of those sources of uncertainties on water scarcity.
Also, in this study we assume static population density maps;
accounting for the diffusion of population over time is impor-
tant to improve the realism of our ﬁndings.
8 Conclusions
To quantify changes in future water scarcity, estimates of wa-
ter availability from the new gridded water-balance global
hydrologic model (GWAM) are compared with global wa-
ter demands as modeled in GCAM. The six water demand
sectors in GCAM (irrigation, livestock, domestic, electricity
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Figure 20: Comparison of the estimated percent of global population under severe water stress in grid  2 
cells (black lines) and basin areas (red lines) along with previous estimates from the literature (Wada et  3 
al., 2011 and references therein, Arnell et al. 2002 & 2011, and Alcamo et al., 2007); the spread in our  4 
results reflect the uncertainty arising from relying on each of the GCMs separately and the various  5 
climate policies (dashed lines); the shape denotes the spatial scale of estimating WSI (blue diamonds:  6 
country scale; red squares: watershed scale; and green triangles: grid scale); solid points reflect  7 
assessments of current or historical scarcity conditions; empty shapes denote projections in the future   8 
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Figure 20. Comparison of the estimated percent of global popula-
tion under severe water stress in grid cells (black lines) and basin
areas (red lines) along with previous estimates from the literature
(Wada et al., 2011, and references therein; Arnell et al., 2002, 2011;
Alcamo et al., 2007); the spread in our results reﬂect the uncertainty
arisingfromrelyingoneachoftheGCMsseparatelyandthevarious
climate policies (dashed lines); the shape denotes the spatial scale
of estimating WSI (blue diamonds: country scale; red squares: wa-
tershed scale; and green triangles: grid scale); solid points reﬂect as-
sessments of current or historical scarcity conditions; empty shapes
denote projections in the future.
generation, primary energy production, and manufacturing)
provide the total annual water demand divided by sector, sub-
sector, technology, and region that are associated with any
GCAM reference or policy stabilization scenario. Six pol-
icy scenarios (two types and three targets of radiative forc-
ings)aresimulatedinGCAMalongwiththeassociatedwater
demands and supply projections, and estimates are made of
their impacts on water scarcity and thus the populations fac-
ing more or less water scarcity conditions. The results indi-
cate that water scarcity shifts differently with the increasing
stringency of the adopted climate change mitigation policies
in term of emission targets. When compared to a baseline
scenario (no climate policy), water scarcity declines under
a UCT mitigation policy, while it increases with a FFICT
mitigation scenario by the year 2095, mainly due to varia-
tions in prevailing bioenergy productions. Under the UCT
scenario, although with population growth coupled with in-
creasing energy and food demands, water scarcity is likely to
increase due to higher water demands (when compared to the
reference scenario), while less water scarcity is projected on
a global average but with spatial variations. For the FFICT
scenarios, more scarcity is projected with more stringent cli-
mate policies. Thus, depending on the adopted policy type
and stringency level, climate mitigation could lead to more
or less water scarcity.
For assessing global water scarcity under current and fu-
ture scenarios, there are several unique advantages to the ap-
proach adopted in this study. Most previous modeling ef-
forts have focused on speciﬁc components of the human–
earth system and assumed the behavior of remaining compo-
nents by applying projected trends, output of other models,
or reanalysis data. In contrast, in this study, we model water
demand and availability within an internally consistent inte-
grated assessment modeling framework with structural rep-
resentations for the demands of water in most of the major
water demand sectors. Thus, both water demand and supply
are driven from the same set of assumptions about popula-
tion and income growth, technological change, and emission
scenario. This is important because human society and the
natural environment are interconnected: changes to the cli-
mate and natural systems will require society to adapt, and
its adaptation efforts will affect the global environment in re-
turn. This interplay between natural and socio-economic sys-
tems determines the entire system’s evolution and makes the
representation of the corresponding feedbacks critical to the
development of appropriate adaptation and mitigation strate-
gies (Davies and Simonovic, 2011).
Additionally, reconciling water demand and supply in an
internally consistent integrated assessment framework rep-
resents an important advance in the integrated assessment
modeling ﬁeld, as water is generally not explicitly modeled.
With water balancing in GCAM, one can tackle the question
of the adequacy of water availability under different climate
change mitigation policies. Hejazi et al. (2013b) investigated
the level of water demands in each GCAM region by the end
of the 21st century under a set of six representative socioeco-
nomic scenarios, while assuming constant water availability
to current condition. In this paper, we extend that work by
incorporating a global water availability model in GCAM to
capture the effect of climate change on the amount of avail-
able water in conjunction of demands. The impact of climate
change on water demands are not accounted for, and the wa-
ter demand scenario in this study is a slightly modiﬁed ver-
sion of the POP14/MDG− scenario in Hejazi et al. (2013b)
to match closely the emission trajectory used in simulating
the global hydrologic model (e.g., SRES A1Fi). Hejazi et
al. (2013b) found that water demands in the Middle East and
India have already or will exceed their annual renewable wa-
ter availability during the 21st century. The incorporation of
theglobalhydrologicmodel(i.e.,theeffectofclimatechange
onhydrology)didnotchangethepreviousoutcome.Thus,al-
though the amount of water spatially available changes over
time, growing water demand pressures generally impose a
stronger inﬂuence on water scarcity conditions, especially in
regions such as India and the Middle East. These high water-
scarcity values indicate that the scenario is likely infeasible
from a water perspective, since such high water stress would
typically lead to the adoption of water conservation technolo-
gies, with implications for other human choices (e.g., food,
energy).
For example, under the most stringent FFICT sce-
nario (FFICT4.2), global water withdrawals increase from
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3710km3 yr−1 in 2005 to 25357km3 yr−1 in 2095. But, is
this quantity even physically feasible? Postel et al. (1996) es-
timated that out of the of the 40700km3 yr−1 global mean
annual runoff volume, 7774km3 yr−1 is inaccessible for hu-
man use, 20426km3 year−1 is uncaptured ﬂoodwater that
ﬂows directly to the world oceans, and only the remaining
12500km3 year−1 is geographically and temporally accessi-
ble runoff, of which 2350km3 year−1 is needed for instream
water uses. Thus, humans’ access to renewable water is ap-
proximately 10150km3 year−1. Although this quantity may
haveincreasedoverthepasttwodecadesduetonewreservoir
storage capacity, especially in developing regions, Postel’s
analysis suggests that all scenarios, including the baseline
scenario, are potentially infeasible in the second half of the
century. Recall that global water withdrawals range between
8843 and 9276km3 year−1 in 2050 and between 12533 and
25357km3 year−1 in 2095. This also highlights some of the
limitations of the model to represent the feedback from wa-
ter supply and demand imbalances on human choices with
regard to their diets, energy use, and prevailing technolo-
gies. Furthermore, in all the scenarios, the prevalence of wa-
ter technologies (e.g., cooling system, irrigation efﬁciency)
is exogenously entered into the model, however, the likely
strong competition for water among the competing users and
the mounting scarcity over time could cause differences in
the evolution of certain technologies from how they are as-
sumed to function in this framework. Thus, a market-based
or an allocation-based approach is necessary to permit the
modeling framework to endogenously choose among vari-
ous water technologies instead of being exogenously fed into
the model. Also, future research should be directed at incor-
porating water shortage feedbacks in GCAM to better un-
derstand how such stresses will propagate across the various
human and natural systems in GCAM. Other advances to the
framework can focus on the impact of warming on yield and
crop water requirements, the effect of CO2 fertilization on
crop water use efﬁciency, and the effect of elevating water
temperatures in streams on cooling efﬁciencies, which are
not accounted for in this study. Instream water requirements
for ecosystems and recreational and navigational purposes
are also not accounted for as part of the global total demand
and will need to be included in the future. When compar-
ing water demand and supply at large regional scales, water
scarcity is likely to be averaged out, as GCAM regions that
contain much more water available than demanded annually
may still encompass sub-regions or grids that experience ex-
treme stress conditions. To better characterize scarcity, in this
study we downscale the water demands from the GCAM re-
gions and AEZs to the grid scale. Many grid cells exhibit
higher water demands than the amount of runoff available.
As shown in Fig. 14, the percentage of global population ex-
periencing WSI>1.0 (i.e., TWD>TWA) increases from 8
to 23% in 2005 to 28–36% and 39–44% in years 2050 and
2095, respectively; the higher range estimates are associated
with grid-based estimates of WSI (Fig. 14a). Note however
that because large population densities tend to occur at the
main stem of large rivers that drain large regions, and be-
cause river routing is not implemented in GWAM, results are
likely to overestimate the percentage of populations facing
water scarcity conditions. Thus, water scarcity calculations
are also performed at the basin scale to complement the grid-
scale results. Also, the results in this paper reﬂect an extreme
population scenario, and water scarcity is likely to be alle-
viated when testing less populated scenarios. The effects of
different socioeconomic and emissions scenarios on global
water scarcity assessments are not fully understood, but are
likely to inﬂuence water scarcity conditions. Furthermore, al-
though Table 4 indicates that the scarcity estimates in 2005
are still within the range of uncertainty in current estimates,
the projected estimates in scarcity along with the cited litera-
ture values exhibit a wide range of uncertainty. Thus, quanti-
fying the various sources of uncertainty is an important step
to improve the reliability of water scarcity estimates in the
future.
Uncertainty in water scarcity estimates could arise from
several factors, such as the amount of water available (i.e.,
model uncertainty of global hydrologic models and GCM
predictions), the adopted socioeconomic and technology as-
sumptions, projections of global water demands, downscal-
ing techniques of water demands to match the scale of the
water availability modeling exercise (watershed or grid), and
the adopted spatial and temporal resolutions at which water
scarcity is computed. Studies that perform inter-model com-
parisons among global hydrologic models can help identify
the major sources of uncertainty in water availability esti-
mates.Gleick(2003)andHejazietal.(2013b)concludedthat
there is a wide range of variations in global water demand
projections. Wada et al. (2011) found that a shorter temporal
scale leads to higher estimates of water scarcity globally, but
their observed variation is still smaller than the level of vari-
ations observed in the literature. Finally, downscaling tech-
niques are generally simplistic; more advanced models that
capture migration and population dynamics, and more accu-
rate downscaling of industrial (e.g., energy, electricity, and
manufacturing) water demands are warranted.
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Appendix A: Monthly pet calculations (Hargreaves
method)
The following equations describe the calculations of monthly
potential evapotranspiration (PETm) using the Hargreaves
method.First,PETiscomputedatthedailyscaleusingEqua-
tion A1.
PETd = 0.0023·Ra·(Ta +17.8)·T 0.5
r , (A1)
where PETd is the potential evapotranspiration in mm/day.
To convert to monthly (PETm), PETd is multiplied by the
number of days (n) in each month (PETm = n·PETd). Ta
is the average daily temperature in Celsius. Tr is the range
between maximum and minimum daily temperatures in Cel-
sius. Ra is the extraterrestrial solar radiation in mmday−1.
Ra =
(24)·(60)
π
λ·Gsc ·dr ·[ws ·sin(ϕ)·sin(δ)
+cos(ϕ)·cos(δ)·sin(ws)] (A2)
λ is the corresponding equivalent evaporation to convert Ra
from MJ m−2 day−1 to mmday−1 [λ = 0.408], Gsc is the
solar constant [Gsc = 0.0820MJ −2 min−1], dr is the inverse
relative distance Earth–Sun, ws is the sunset hour angle (in
radians), ϕ is the latitude (in radians), and δ is the solar dec-
lination (in radians). The inverse relative distance Earth–Sun
(dr) is computed using Equation A3, where J is the number
of the day in the year between 1 (1 January) and 365 (31 De-
cember).
dr = 1+0.33·cos

2π
365
·J

(A3)
Table A1. Nomenclature
PETd: Daily potential evapotranspiration in mmday
PETm: Monthly potential evapotranspiration in
mmmonth−1
n: Number of days in each month
Ra: Extraterrestrial solar radiation in mmday−1
Ta: Average daily temperature in Celsius
Tr: Range between maximum and minimum daily
temperatures in Celsius
Gsc: Solar constant [=0.0820MJm−2 min−1]
λ: Corresponding equivalent evaporation to convert
Ra from MJm−2 day−1 to mmday−1 [=0.408]
J: Julian day in the year (1–365)
dr: Inverse relative distance Earth–Sun
ws: Sunset hour angle (in radians)
ϕ: Latitude (in radians)
δ: Solar declination (in radians)
Solar declination (δ) is the line of latitude over which the
sun is directly overhead on any given day. Solar declination
changes day to day due the Earth’s revolution around the Sun
and is computed using Eq. (A4).
δ = 0.409·sin

2π
365
·J −1.39

(A4)
The sunset hour angle (ws) (in radians) is computed using
equation A5.
ws = arccos(−tan(ϕ)·tan(δ)) (A5)
Equation (A2) can be simpliﬁed by replacing all constants
with a single coefﬁcient.
Ra = 15.392·dr ·[ws ·sin(ϕ)·sin(δ)
+cos(ϕ)·cos(δ)·sin(ws)] (A6)
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